Introduction
Many efforts have been made for improving quality of care in medical treatment in recent years. According to the literature, riskadjusted mortality has shown a decreasing trend for stroke [1] , pneumonia [2] , myocardial infarction [3, 4] , several kinds of cancers [5, 6, 7] and other diseases in developed countries. In addition, various studies have tried to measure health outcomes as assessments of hospital quality of care [8, 9, 10] . However, it is not easy to measure and compare hospital quality which varies wildly. Measurement of hospital quality and assessment of its trend is not only an important but also a difficult task.
The hospital standardized mortality ratio (HSMR), which is an indicator that adjusts hospital mortality for case-mix differences such as age, sex and comorbidities, is used as a hospital performance measure in the UK, Canada, the Netherlands, the US and other countries [11] . HSMR is a conceptually simple ratio of the number of observed deaths to the number of expected deaths, which is estimated by the logistic regression model, multiplied by 100. The main purpose of the HSMR is to give an indication of the quality of care in hospitals, while some studies have reported associations between quality indicators and hospital standardized mortality [10, 12] . Recently, hospital administrative data have widely used in both research and quality improvement efforts [13] .
Previous studies in other countries showed downward trends of HSMR or related adjusted hospital mortality indicators [14, 15] . In Japan, the single-year HSMR model has already been built using administrative data, shown good predictive accuracy [16, 17] . However, these models could not be applied to evaluate the trend of HSMR, because some variables in these models are not consistent, and the definition of the some variables has changed due to the revision of Japanese healthcare system. That is to say, the trend of Japanese HSMR has not been monitored and analysed yet.
Another perspective of HSMR studies is the trend according to degree of severity. It has not been well investigated whether downtrends in HSMR are observed in every patient severity group. In other words, we wonder whether a downward trend in HSMR may not be observed among severe patients, because of the difficulty in treating these patients.
The purpose of this study was to develop a new prediction model for in-hospital mortality by using routinely collected medical data, which can apply to multiple years in Japan. Another purpose of our study was to capture the trend of HSMR in Japan, and describe the HSMR trend in every patient group according to degree of severity.
Methods

Data source
This was a retrospective observational study using administrative data in Japan. Data for the study were derived from the Japanese Administrative Database, Diagnosis Procedure Combination/perdiem payment system (DPC/PDPS), gathered by the Ministry of Health, Labour, and Welfare. Briefly, the DPC/PDPS is a diagnosisdominant case-mix patient classification system that has been linked to payments within acute-care hospitals in Japan since 2003, and this system was gradually expanded to acute-care hospitals. The details of the DPC/PDPS database have been described elsewhere [18] . The Study Group on DPC has collected the data, and gradually extended its collection period: July to December for fiscal years 2008 and 2009, April to December for fiscal year 2010 and April to March of the following year for fiscal years 2011 and 2012.
Anonymous clinical and administrative claims data were collected annually for patients discharged from the participating hospitals. These data consisted of patient information, diagnostic information and detailed medical information. Diagnostic information included principal diagnosis, comorbidities on admission and complications during hospitalization, coded using the International Classification of Diseases and Injuries and Related Health Problems, 10th revision (ICD-10). The 2012 version of the DPC/PDPS system includes 18 major diagnostic categories (MDC) and 506 disease subcategories, coded in ICD-10 format. Additional information such as admission status (emergency/elective hospitalization), use of ambulance, use of the Intensive Care Unit (ICU), length of stay (LOS), discharge status and total cost for each discharge were also recorded in the dataset.
From the database of the study group, we identified patients' records from hospitals that presented complete data for our study period (2008) (2009) (2010) (2011) (2012) . We excluded data from hospitals that routinely lacked continuity in monthly data submissions considering data accuracy. We also did not include patients less than 15 years old, patients with MDC14 (newborn and naonatal diseases), patients with clinical trials and patients who died within 24 h after admission. Records for a total of 5 934 216 discharge cases were available. Since 5 years, year-round DPC/PDPS data were not available, we used data between July and December for each fiscal year, considering the seasonal bias that was reported in other studies [15] . We excluded cases with inconsistent data such as absence of required data and impossible values. We also excluded outlier data as follows: outlier LOS (>60 days) and outlier costs (less than $200 or more than $50 000 per day). Regarding medical costs, we assumed a yen-to-dollar exchange rate of approximately 100 yen to the US dollar (Sep 2014).
Because of the anonymous nature of the data, the requirement for informed consent was waived. Study approval was obtained from the institutional review board of the hospital with which the last author was affiliated.
Statistical analysis
Model building: full model and partial model We estimated the probability of in-hospital deaths for admissions by fitting logistic regression models. The model included age, sex, MDC, admission status (e.g. use of ambulance at admission), use of ICUs, operative status and Charlson comorbidity index (CCI) score. CCI score was calculated based on Quan's methodology, [19] and was classified into six categories: 0-1, 2, 3-5, 6-11, 12-17, and 18 and over. Subgroup analyses of the full model (surgical/medical, and young-adults/elderly) were also performed.
The full model included all variables, while each partial model included a partial set of variables as follows (partial model A: age and sex, partial model B: CCI score, partial model C: admission status, Fitting one model to the data from all 5 years combined allowed us to make valid comparisons over time. We performed internal validation by using a bootstrapping technique based on 1000 bootstrapped samples. We did not perform external validation because of data availability. The statistical performance of the prediction models was determined with the c-index, and the c-index of the full and partial models was compared. The c-index is derived by calculating the proportion of concordant pairs and is equivalent to the area under a receiver operation characteristic curve. Accuracy of the prediction models in each year was calculated to assess the stability of the models for all individual years. A c-index value of 0.5 indicated that the model was no better than chance in predicting death and a value of 1.0 suggested perfect discrimination. The models were calibrated by plotting observed versus expected deaths based on risk.
HSMR trend
In each year, HSMRs were obtained by calculating the ratio of observed deaths to expected deaths, estimated by the full model. In addition, 95% confidence intervals of the HSMRs were calculated using Byer's approximation [20, 21] . Further analysis examined changes in the HSMR trend in subgroups based on the CCI score. We also determined hospital-level HSMR changes using two-way analysis of variance (ANOVA), dependent variable was the HSMR while independent variables were hospital and year.
Continuous variables are expressed as mean ± standard deviation or median (25th, 75th percentile) depending on the overall variable distribution, and categorical variables are expressed as proportions. All statistical analyses were carried out using IBM SPSS Statistics for Windows, Version 22.0 (IBM Japan Ltd, Japan). The analyses were two-tailed, and P-values < 0.05 were considered statistically significant. (Fig. 1) . Table 1 shows disease categories and patient characteristics in our study. Each year had more than 700 000 admissions. The proportion of males was higher than females (53.6% vs. 46.4%), and about one-fifth of patients were 80 years of age or older (20.1%). The highest proportion of MDC was the Digestive system (24.7%). The majority of patients had a total score of 0 on the CCI (58.2%), and only 4.8% of patients had a score of 6 and over. Table 2 shows the crude in-hospital mortality ratio according to each category. From the viewpoint of MDC, the highest proportion of non-adjusted mortality was for 'Other' (11.3%). As CCI scores increased, in-hospital mortality showed an increasing trend: 1.9% for a score of 0, and 23.5% for scores 18 and over. Table 3 shows the risk-adjusted in-hospital mortality prediction model for all 5-year data. Briefly, variables showing higher odds ratios are similar to those of the higher non-adjusted mortality ratios. The full model showed excellent discrimination with a cindex of 0.871. Expected mortality was higher than observed mortality in lower deciles and the top decile (Appendix 1).
Results
Within available data
In terms of the transition of the c-index, the full model showed a stable and fairly high, with the lowest c-index being 0. The time trend of the HSMR is illustrated in Fig. 2 . The HSMR followed a constant decreasing trend over time; it fell by 18.8% from 110.3 in 2008 to 91.5 in 2012. The reduction trend in the HSMR was observed in the mild comorbidity group (CCI scores of 0 and 1, 2, and 3-5). On the other hand, the reduction in the HSMR was not present in the severe comorbidity group (CCI scores of 6-11, 12-17, and 18 and over). The results of two-way ANOVA also supported the reduction of HSMR, HSMR is significantly different for year group (F 4,277 = 64.75, P < 0.001).
The results of the subgroup analyse of logistic regression model were shown in Appendices 3 and 4, also representing decreasing trends of HSMR.
Discussion
In this study, we developed a multi-year, risk-adjusted model for inhospital deaths (HSMR model) using administrative data, and investigated the trend of HSMR in Japan. The model demonstrated excellent predictive accuracy, with a c-index of 0.871, and showed stability for the 5-year study period. HSMR showed a declining trend in general, while there was an absence of a pattern for the severe patient group. We believe this absence in the severe patient group is a new finding regarding the HSMR. In terms of the HSMR reflecting the quality of care in hospitals, our model can be the basis for hospital performance measures in Japan. The results also imply the need to consider the degree of severity of patients for measuring hospital quality by HSMR and some methodological limitations.
Model accuracy and trend of the HSMR
The c-index of the full model seemed to gradually improve. This improvement could be explained partly because of expansion of ICUs and improvement of coding practice for comorbidity on admission (Table 1 and Appendix 2). Partial models with unstable variables during study period showed weak stability. Our study revealed a downward trend of the HSMR in Japan. Previous studies in other countries also showed a downward trend of the HSMR [14, 15] . Even though determining all of the factors that can affect the change of HSMR would be a difficult task, factors that have influenced this HSMR reduction should be considered. Possible factors contributing to HSMR reduction are as follows: (i) changes in hospital behaviour associated with policy inducement, (ii) changes in place of death and improvement on quality of care in hospitals and population health and (iii) other factors.
First, one of the aspects of the DPC/PDPS system is an incentive for efficiency (shortening LOS), which could lead to the reduction of HSMR. To achieve shorter LOS, hospitals has been changed their policies, such as appropriate introduction of clinical pathways, treatment planning and discharge procedures. For example, hospitals could change their treatment planning from 'one hospitalization for multi-disease-care' to 'multi-hospitalizations, consisting of single admissions for single-disease-care'. Such changes could be represented in Table 1 and Fig. 2 ; as years go on, the LOS has shortened, number of patients has increased.
Secondly, gradual changes in the place of death could affect the reduction of HSMR. According to Vital Statistics in Japan, the highest proportion place of death is always the 'hospital', while it has shown a decreasing trend (77.9% in 2010 to 76.3% in 2012). Gradually expansion of palliative care beds could affect the HSMR reduction which is not considered in this study. Differentiation of hospital function between acute-care hospitals and other medical/ welfare institutions could also affect to HSMR reduction in acutecare hospitals, as we speculate some acute-care hospitals has provided terminal or end-of-life care. In addition, there is evidence of a decreasing trend in age-adjusted cancer mortality rates [7] and inhospital trauma mortality [22] in Japan. Such changes, including improvements in quality of care for various procedures, advances in medical technologies, and implementation of evidence-based guidelines, preventive medicine and population health, are expected to reduce HSMR.
Thirdly, other factors could affect HSMR trends. Similar to the previous model of Japanese HSMR, expected mortality was lower than observed mortality in the group with the higher predicted mortality rate, whereas the reverse was observed in the group with the lower predicted mortality rate [17] . It is possible that the improvement in quality of administrative data during 5 years, especially comorbidities and coding practice, could affect HSMR though overestimating the number of expected deaths in early years. In addition, the medical fee system in Japan is revised every 2 years, which could affect systematic coding pathways, could affect the trend of HSMR.
Strengths, weaknesses and limitations of this study
A strength of this study is that we considered a relatively large number of variables from administrative data, enabling excellent predictive accuracy of the model and involving large samples. It is widely acknowledged that there is great potential to utilize large healthcare datasets to improve patient care and health outcomes [23] . Moreover, our study implies the need to consider severe patients for assessing hospital quality by HSMR. We think that some patients with higher CCI scores may be receiving terminal or end-of-life care, although it is hard to distinguish such patients using administrative data.
While some countries have endorsed and publicly released HSMR results, it is interesting to observe the decreasing trend of Japanese HSMR from an international perspective. Because this trend is observed without public release (there is an absence of incentive for improving HSMR).
Further adjustments of the model should be required, such as assessing HSMR trends in consecutive 3-month periods. To consider differences in discharge procedures, updating this model to a 30-day (60-day) mortality prediction model or including post-discharge mortality is attractive [24, 25] . However, it is hard to build such a model due to data availability and legislative restrictions. Further researches for other hospital quality such as unplanned or avoidable 30-day readmission rate are attractive.
Additionally, there are some potential limitations to this study. First, the use of an administrative claims database could have led to an underestimation or overestimation of comorbidities or postoperative complications because of incomplete reporting. In terms of data availability, our model focused on in-hospital deaths, and our model did not include lab test results and process of care while recent studies included these variables [26, 27] .
Second, as some literature has indicated, there are some methodological limitations of HSMR studies. For example, empirical studies have demonstrated that different methods of calculating HSMR rank the performance of hospitals differently [28] . Further bias due to the case-mix difference may exist although we extracted data from acute-care hospitals that presented 5-year complete data for our study period to avoid sampling bias from multi-year administrative data. The results of the model calibration between 2012 year-round data and a half-year data of 2012 (between July and December) showed similar ORs and 95% CIs (data not shown). We did not consider compliance with hospital accreditation [29] and avoidability of death due to the data availability although previous study reported such death was the small proportion [30] .
Thirdly, a lack of regional healthcare resources may associate with HSMR, given that long-term care hospitals and other healthcare institutions are in charge of terminal care. Efforts to analyse variation in hospital-level HSMR may address this issue.
Conclusion
Generally, our model demonstrated excellent discrimination without using detailed clinical data, and enables us to analyse the HSMR trend. Although it is not easy to explain the downtrend of HSMR, the reduction may be partly due to improvements in quality of care, changes in hospital behaviour and other factors. Further efforts to update HSMR and develop quality indicators are essential for achieving appropriate evaluation of hospital performance.
